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ABSTRACT

Programming screencasts can be a rich source of documentation
for developers. However, despite the availability of such videos,
the information available in them, and especially the source code
being displayed is not easy to find, search, or reuse by programmers.
Recent work has identified this challenge and proposed solutions
that identify and extract source code from video tutorials in order
to make it readily available to developers or other tools. A crucial
component in these approaches is the Optical Character Recogni-
tion (OCR) engine used to transcribe the source code shown on
screen. Previous work has simply chosen one OCR engine, without
consideration for its accuracy or that of other engines on source
code recognition. In this paper, we present an empirical study on
the accuracy of six OCR engines for the extraction of source code
from screencasts and code images. Our results show that the tran-
scription accuracy varies greatly from one OCR engine to another
and that the most widely chosen OCR engine in previous studies is
by far not the best choice. We also show how other factors, such
as font type and size can impact the results of some of the engines.
We conclude by offering guidelines for programming screencast
creators on which fonts to use to enable a better OCR recognition of
their source code, as well as advice on OCR choice for researchers
aiming to analyze source code in screencasts.
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1 INTRODUCTION

Nowadays, programmers spend 20-30% of their time online seeking
information to support their daily tasks [6, 11]. Among the plethora
of online documentation sources available to them, programming
screencasts are one source that has been rapidly growing in popu-
larity in recent years [17]. For example, YouTube alone hosts vast
amounts of videos that cover a large variety of programming topics
and have been watched billions of times. However, despite their
widespread availability, programming screencasts present some
challenges that need to be addressed before they can be used by de-
velopers to their full potential. One important limitation is the lack
of support for code reuse. Given that copy-pasting code is the most
common action performed by developers online [6], programming
screencasts should also strive to support this developer behavior.
However, very few programming screencast creators make their
source code available alongside the video, and online platforms
like YouTube do not currently have support for automatic source
code transcription. Therefore, developers often have no choice but
to manually transcribe the code they see on the screen into their
project, which is not only time consuming, but also cumbersome,
as it requires pausing-and-playing the video numerous times [23].

Researchers have recently recognized this problem and proposed
novel techniques to automatically detect, locate, and extract source
code from programming tutorials [1, 2, 14, 19, 20, 24, 32, 34]. While
different approaches to achieve these goals were proposed, they all
have one component in common: an Optical Character Recognition
(OCR) engine, which is used to transcribe the source code found in
a frame of the screencast into text. To ensure the most accurate ex-
traction of source code from programming screencasts, one needs to
carefully choose the OCR engine that performs the best specifically
on images containing code. However, no empirical evaluation cur-
rently exists on the accuracy of OCR engines for code transcription.
Previous work that analyzed programming screencasts [14, 25, 32]
simply picked one OCR engine, namely Tesseract!, and applied it
to programming screencast frames. However, without validating its
accuracy or comparing it to other OCR engines on the task of code
transcription, there is no evidence that Tesseract is the best choice
for transcribing source code. Choosing a suboptimal OCR engine
can lead to noise that is difficult to correct, and therefore code that
is hard to reuse without expensive post-processing steps or man-
ual fixing. To this end, there is a need for an empirical evaluation
that examines the accuracy of different OCR engines for extracting
source code from images, with the goal of finding the engine with
the lowest risk of code transcription error.

!https://github.com/tesseract-ocr
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In this paper, we address this need and present a set of exper-
iments evaluating six OCR engines (Google Drive OCR, ABBYY
FineReader, GOCR, Tesseract, OCRAD, and Cuneiform) applied
to images of code written in three programming languages: Java,
Python, and C#. We evaluate the OCR engines on two code im-
age datasets. The first one contains 300 frames extracted from 300
YouTube programming screencasts (100 videos per programming
language, one frame per video). The evaluation on this dataset is
relevant to researchers working on the analysis of programming
screencasts and software developers wanting to reuse code from
screencasts. The experiments on this dataset allow us to determine
the best OCR engine for source code extraction from screencasts,
therefore reducing the risk of error in the OCR results and increas-
ing the potential for reuse of the extracted code. The second dataset
is composed of 3,750 screenshots of code (1,250 per programming
language) written in an IDE using different font types and font
sizes. The code was extracted from a variety of GitHub projects,
then locally opened in a popular IDE, where a screenshot of the
code region was taken. This dataset, unlike the first one, allowed us
to manipulate the font used to write the code in the IDE and change
its size and type, in order to observe how these factors impact the
accuracy of OCR engines. The results on this dataset are relevant
for creators of programming screencasts, revealing font types and
sizes that enable better OCR on the code in their screencasts. At
the same time, researchers can use these results as guidelines for
identifying screencasts that lend themselves to OCR the best.

Our results show that there are significant differences in accuracy
between OCR engines. Google Drive OCR (Gdrive) and ABBYY
FineReader performed the best, while the default choice in previous
work, Tesseract, was never in the top three best performing OCR
engines. We also found that applying OCR on code written using the
DejaVu Sans Mono Font produced the best results compared to other
fonts such as Consolas, Arial, Courier New, and Times New Roman.
Moreover, font size impacted the OCR accuracy significantly for
some OCR engines such as Tesseract. However, ABBY FineReader
and Google Drive OCR worked the best regardless of the font size.

The rest of the paper is organized as follows. Section 2 introduces
the OCR engines and the font types used in our study, Section 3
describes the empirical study we performed on two datasets, Section
4 presents the results we obtained, Section 5 discusses related work,
Section 6 discusses threats to validity, Section 7 discusses the results,
and Section 9 concludes the paper and describes future work.

2 BACKGROUND

This section introduces important background information about
OCR engines and font types.

2.1 OCR Engines

Optical Character Recognition (OCR) is the electronic conversion of
images of typed, handwritten, or printed text into machine-encoded
text. OCR has been used in many fields, for various applications,
including data entry from printed records, forms, and documents;
recognition of text on road signs, etc. The main advantages of using
OCR technology is the fact that it transforms an image into a format
that is searchable, editable, and easy to store electronically.
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OCR has also been recently adopted by researchers in software
engineering for extracting source code from programming video
tutorials [14, 24, 32]. It brings great promise in this area of research,
allowing the text found in programming tutorials, including the
source code, to be extracted, indexed, searched, and reused. While
researchers in software engineering have only used one OCR engine
thus far (i.e., Tesseract), there are several other OCR engines that use
different computer vision algorithms, leading to high-quality text
extraction and real-time performance. In this paper, we investigate
and compare six well-known OCR engines: Google Docs OCR,
ABBYY FineReader, GOCR, Tesseract, OCRAD, and Cuneiform.

Google Drive? is a file storage and synchronization service
developed by Google, which interacts with Google Docs, a cloud
service allowing users to view, edit, and share documents. Google
Drive provides an API, which allows converting images into text
using the Google Docs OCR engine. The text extraction process
is performed through a cloud vision API that Google uses in the
back-end with a custom machine learning model in order to yield
high accuracy results.

ABBYY FineReader? is a commercial OCR software company
that offers intelligent text detection for digital documents. It can
process digital documents of many types, such as PDF or, in our
case, a video frame containing source code. FineReader uses an
advanced algorithm to preserve the layout of the image during the
text extraction process. It offers a paid plan, in which users can
create a new pattern to train the engine. However, we used the
built-in default patterns of the free trial version of FineReader 12 in
our work. FineReader offers a software development kit (SDK)* to
facilitate the OCR extraction process for developers. We used the
SDK in our study to enable the efficient processing of our datasets.

GOCR? is a free OCR engine that converts images of several
types into text. Its fast performance, accuracy, and simplicity make
GOCR very practical [10]. It does not require training and handles
20-60 pixels height of single-column sans-serif fonts. Its perfor-
mance typically degrades in low-quality images, hand-typed texts,
and heterogeneous fonts [3]. We used GOCR 0.51 in our study.

Tesseract® is an open-source OCR engine developed at HP and
released to Google in 2005. Tesseract detects blobs in images that
form text lines [28], which in turn are divided into words by de-
tecting the spaces between them [29]. Recognition is performed
through two phases that work as a pipeline: (i) recognize each
word individually and (ii) run an adaptive classifier to optimize the
recognition performance further. Tesseract has been used in several
works that are dedicated to code extraction from video program-
ming tutorials [14, 24, 32]. We used version 4.0 in our study.

OCRAD is a free OCR engine supported by the GNU Project.
It performs feature extraction on the input image and uses the
extracted features to produce text. Like other OCR engines, OCRAD
analyzes the layout to recognize text blocks. It typically achieves
its best performance when applied to characters of a minimum
height of 20 pixels. OCRAD also includes an option to scale the

https://www.google.com/drive/
Shttps://www.abbyy.com/
*https://www.abbyy.com/resp/promo/ocr-sdk/
Shttp://jocr.sourceforge.net/
®https://github.com/tesseract-ocr/tesseract
http://www.gnu.org/software/ocrad/
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words to the proper character size. It has several built-in filters that
include, but are not limited to: letters-only to discard any number
from the input and text-block to discard any noise identified outside
the detected text lines. We used OCRAD 0.24 in our study.

Cuneiform?® is an open source OCR engine originally developed
by Cognitive Technologies. It supports multiple languages and it
preserves the document structure. The format of the extracted text
can be HTML, rtf, text, and others. Cuneiform does not require any
learning algorithm. We used Cuneiform 1.1 in our study.

2.2 Font Types

In our study, we make use of several fonts in order to observe if the
font type and size have an impact on the accuracy of OCR engines.
In this section, we present some background information on fonts
and their categorization, in order to set the context for our study.

Type families or typefaces can be divided into two main cat-
egories based on their features: Serif and Sans-Serif. Serif fonts
attach a small line or stroke at the end of each larger stroke in a
letter or symbol. Sans-Serif fonts exclude such features; note that
Sans is a French word meaning "without" (e.g., without the ending
features on strokes). In addition to the feature-based categories,
typefaces can be classified into two other categories based on the
width they assign to characters. Proportional typefaces assign a
width to each character based on its shape. For example, the letter
(M) is wider than the letter (I). Monospaced fonts, on the other hand,
assign a fixed width to each character. While there are many other
categories of typefaces [8], we limit our analysis in this paper to the
ones presented below. Each typeface or type family also includes
several individual fonts. We describe briefly below some of these
fonts and mention the ones we used in our study.

Serif types. This category includes two widely used fonts: Times
New Roman and Garamond. Serif is very commonly used in elec-
tronic books and other digital documents such as magazines and
newspapers. In our study, we focus on Times New Roman from
this category, as it is the most commonly used font of this type in
electronic documents.

Sans-serif types. The most common fonts belonging to this
category are Helvetica and Arial. U.S. advertisements prioritize the
use of Helvetica as it became the default typeface [27]. Arial has
become a very popular font since it was the default font in several
Microsoft products such as Microsoft Word. In our study, we focus
on Arial from this category, as it is the most commonly used font
of this type in electronic documents.

Monospaced types have been designed since the early age of
computers for typewriters. The popularity of Monospaced types
continued and this type of fonts has been favored in different tasks
such as programming and writing tabular data [30]. Popular fonts
belonging to this category include Courier New, DejaVu Sans
Mono, and Consolas. We consider all three of these fonts in our
study since they represent the default fonts in the most popular
IDEs for the programming languages used in our study, as explained
later in Section 3.1.2 and Table 1.

Shttps://www.linuxlinks.com/cuneiform/
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3 EMPIRICAL STUDY

In this section, we present the methodology, research questions,
dataset, and results of the study on the accuracy of OCR engines in
the context of source code extraction from programming screen-
casts and images of source code. We first introduce the two datasets
we used and the procedure we followed for the data collection. We
also make our datasets available in our replication package®.

3.1 Datasets and Data Collection

In order to establish the OCR accuracy for each engine, we first
manually collect the ground truth data consisting of images of
source code and the text representing the actual source code ex-
tracted from those images. We use two types of images, resulting in
two distinct datasets. First, we used YouTube programming screen-
casts to extract static video frames containing source code, similar
to previous work on source code extraction from programming
screencasts [14, 25, 32]. By studying the performance of OCR en-
gines on this type of data, we hope to help researchers in this line
of research by finding and recommending the best OCR engine
for code extraction from videos. Our second dataset consists of
screenshots of different code snippets extracted from open source
software systems and open in an IDE. We vary the size and type
of the source code font such that we can observe the impact of
these factors on the performance of the OCR engines and therefore
recommend the best settings for future screencast creators. In the
next subsections we explain in detail each dataset and the process
we followed to obtain it.

Figure 1: A screenshot of DataTurks, the cloud annotation
tool used for the YouTube dataset annotation process.

3.1.1 YouTube Screencasts Dataset. For our first dataset, we
turned to YouTube, where vast amounts of programming screen-
casts on a variety of topics are hosted. For our study, we were
interested in programming screencasts displaying code written in
three programming languages: Java, C#, and Python. For each pro-
gramming language, we selected a total of 100 screencasts, aiming
to establish a diverse dataset in terms of the creators of the videos,
the IDEs used to write the code, the color of the background, and
the topics addressed in the videos. In total, we selected 300 videos
following these diversity criteria and used the YouTube-d1'° tool to

“https://zenodo.org/record/3743394
WOhttps://github.com/ytdl-org/youtube-dl
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public static void main(String[] args) {
//Arithmetic Operators

int numberi1, number2;

numberl = 20;

numberz = 7;

//SUM

t sum = numberl * number?2;
System.out.println("The result is: " + sum);

<- Previous(Ctrl+Left) Update (Alt+S) Next(Ctrl+Right)->

Figure 2: A screenshot of the web-based tool used for the
code transcription.

download them. For each video, we then extracted one frame per
second using the FFMPEG!! tool. We then picked one representa-
tive frame from each video and included that frame in our dataset,
for a total of 300 frames. The representative frame for each video
was selected such that it contained a non-trivial amount of code
and the code was fully visible on the screen (i.e., not obstructed by
other windows or popups). We selected only one frame per video
since many of the frames in the same video may display the same
piece of code and also share the same image features such as IDE,
font type and size, background color, etc. Also, since creating the
ground truth for this dataset involved manually transcribing the
code from the screen, it was a very effort-intensive task that limited
the number of frames we could consider. Therefore, we aimed to
maximize the variety of the frames and of the extracted code by
selecting only one frame per video and considering more videos,
rather than choosing multiple frames from the same video.

Since our goal was to observe the performance of OCR engines
for the transcription of source code, we wanted to avoid transcrib-
ing noise and focus on applying the OCR engines only on the code
snippets. In order to ensure this, one of the authors manually anno-
tated each of the 300 frames with a bounding box that encapsulated
only the code snippet. For streamlining this task and minimizing
errors, the author used the DataTurks!? cloud annotation tool (see
Figure 1). Another author then validated each annotated bounding

Uhttps://www.ffmpeg.org/
2https://dataturks.com/
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box, and, in case of disagreement, the two authors discussed the
conflicts until a final bounding box was agreed upon. Then, each
image was cropped to the code bounding box using the mogrify!3
tool.

To evaluate the performance of the OCR engines, we need the
ground truth source code for each video frame. Two of the authors
and two other programmers divided the 300 images and manually
transcribed the code in each using an in-house web-based tool (Fig-
ure 2). The tool was developed to facilitate the code transcription
process. Our tool displays one image at a time from our dataset,
with an editing box where the annotators can type the code they
see embedded in the image. We added a few options to navigate
between frames using the previous and next buttons. Once the code
is fully written, the annotators can save or update the transcribed
code using a button. For improving the user experience, we added
keyboard shortcuts (i.e., Ctrl+Left, Ctrl+Right, and Alt+S for previous,
next, and textitsave, respectively). To ensure that the transcribed
code is correct, one of the authors validated each transcribed source
code snippet and corrected the ones containing mistranscriptions.
Out of the 300 source code files, 56 were corrected. The corrected
mistranscriptions include typos, missing semicolons and parenthe-
ses, and case sensitive errors. Another author again validated all
corrected files and found no further corrections needed.

3.1.2 Screenshots Dataset. Our second dataset consists of screen-
shots we took of code opened in an IDE. This dataset allows us
to have control over the font that the source code is written in
and manipulate its size and type. This, in turn, allows us to see
the impact that changes in these factors have on the performance
of OCR engines in extracting the code. Given that IDEs support
different font sizes and types, it is important to ensure we study
screenshots of the source code with various font configurations.
In this study, we considered the default fonts of the top five most
popular IDEs [7] at the time of our data collection (see Table 1),
as well as the most popular fonts used in electronic documents.
Specifically, we used three monospaced fonts (Courier New, DejaVu
Sans Mono, and Consolas) and two standard proportional fonts
(Times New Roman and Arial). Note that, Courier New and Times
New Roman are Serif fonts, whereas DejaVu Sans Mono, Consolas,
and Arial are Sans-Serif fonts. Concerning the font size, we used
different font sizes that range from 10 to 14 points for each font.
To obtain the source code for this dataset, we used the GitHub
API to download the top 50 projects in GitHub in terms of star
ratings for each of the three programming languages we consider
in this study: Java, C#, and Python. We then selected one source
code file from each of the total 150 projects we downloaded, such
that each file has a size of at least 0.5 KBytes (to ensure it contains
enough source code). We then opened each file in an IDE and took
a screenshot of a part of the file. In order to determine which part
of the file to display on the screen and capture in our screenshots,
we needed to consider a few things. First, given the font sizes we
consider in our study (10 to 14 points), the default code window size
in an IDE can display up to 35 lines without having to scroll up or
down. Second, the first few lines of a lot of source code files could be
very similar (e.g., import package statements), even across different
projects. Therefore, in order to ensure variety in our dataset, it is

Bhttps://imagemagick.org/script/mogrify.php
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Table 1: Default font settings in Linux and Windows for the top five IDEs.

IDE Linux Windows

Font Type Font Size Font Type Font Size
Android Studio DejaVu Sans Mono 12 Courier New 12
Visual Studio Courier New 14 Consolas 10
Eclipse Courier New 10 Consolas 10
NetBeans Courier New 13 Courier New 13
PyCharm DejaVu Sans Mono 12 Consolas 13

important to vary the position in the file at which we capture the
source code. We, therefore, chose 35 consecutive lines that were
found at random positions in each of the 150 files considered.

Taking the screenshots for our dataset by hand would require a
very intensive human effort. Specifically, the following steps would
need to be performed for each of the 150 files considered:

(1) Open the file in the IDE.

(2) Change the font type and size five times each, for a total of
25 combinations.

(3) For each combination of font type and size, scroll the file to
the randomly determined position inside the file.

(4) Take a screenshot.

Therefore, taking the 3,750 screenshots by hand is unfeasible.
We thus developed a tool called AUTOScR to automate the pro-
cess described above for taking the screenshots. The IDE used by
AUTOSCR is Microsoft Visual Studio Code, which offers all the
font configurations we needed. AUTOSCR uses the xdotool tool'
to simulate keyboard input programmatically and the scrot tool®
to record the current window into a PNG image file. We developed
AUTOSCR to automatically change the font type of Microsoft Visual
Code as follows. AUTOScR opened the settings window by sending
the key combination Ctrl+comma. Then, AUTOSCR types the word
"font" by sending the keys "fo n " and sends the tab key four times
to set the focus on the font family field and insert the font type.
After that, for each font type, AUTOScR changes the font size of
the code editor to each value in the range from 10 to 14 points. For
each font size, AUTOSCR sets the focus to the font size field using
the same procedures except sending the key tab six times instead
of four times. Finally, AUTOScR opened the source code files at
randomly selected positions in Microsoft Visual Code one by one.
After opening a file (e.g., f1.java), AUTOScR took a screenshot of
the active window into the corresponding image file (i.e., f1.png).
Finally, AUTOSCR closed the active window by sending the key
Ctrl+W.

A total of 3,750 screenshots of code written in three different
programming languages (Java, C#, and Python) were taken using
our tool. After we took the screenshots, we cropped all images to
only the code area using mogrify'®. Moreover, since the OCRAD
OCR engine accepts only pbm, pgm, or ppm files, we created a ppm
copy of all images using mogrify. In the case of this second dataset,
getting the ground truth source code was trivial, since it was the
same source code we took the screenshots of.

Yhttps://www.semicomplete.com/projects/xdotool/
Dhttps://github.com/dreamer/scrot
6 https://imagemagick.org/script/mogrify.php

3.2 Accuracy Metric

We evaluate the performance of the six OCR engines by comparing
the text they extract from our two datasets to the ground truth
source code for each. In previous work, edit-based similarity met-
rics have been used to measure the similarity between two strings
in OCR-related studies [13, 31]. In our study, we use a normalized
version of the Levenshtein distance metric [15] (LD), which is an
edit-based similarity metric, to capture the difference between the
OCRed text and the ground truth source code. The Levenshtein
distance counts the number of insert, substitute, and delete oper-
ations required to change one string to another. We normalized
LD to obtain an accuracy score that ranges between zero and one,
as defined in Equation 1. The Normalized Levenshtein distance
(NLD) then represents the similarity percentage between two texts
t; and tz, where an NLD of zero means the two texts are completely
dissimilar, and an NLD of one indicates that they are identical.

LD(t1, t3) )
max(len(ty), len(t2)) W
One known limitation of LD is that it also counts the number
of inserted spaces and blank lines, as they are considered regular
characters. However, for many programming languages, including
C# and Java which we considered in our study, the spaces and blank
lines do not have any effect on the behavior of the source code.
With this in mind, given that OCR engines can introduce spaces
in the original text during the transcription process, we ignore the
leading and trailing spaces and blank lines in the texts for most of
our analysis.

One exception, on the other hand, is Python, where white spaces
indicate groups of statements and are important to the compilation
of Python scripts. Therefore, we introduced a separate analysis in
our study on the effect that removing or keeping white spaces and
blank lines has on the accuracy of OCR engines in transcribing
Python code.

NLD(t,t5) =1—

3.3 Research Questions and Methodology

In this study, we are interested in observing the accuracy and perfor-
mance of OCR engines when applied to images containing source
code. To evaluate the six different OCR engines, we used the two
datasets collected in Section 3.1. For screenshots, we varied the
font type and size according to the five font types and five sizes
mentioned in Section 3.1.2. Mind that for the frames we extracted
from videos, we cannot vary and cannot accurately predict the
font type and size. Therefore, we do not study these factors in the
context of video frames.
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Our aim is to answer the following research questions:

RQ1: What are the accuracy scores of the OCR engines for

extracting code from video frames?
To answer this research question, we applied each of the six OCR
engines to the 300 video frames extracted from programming screen-
casts and then compared the text they extracted against the ground
truth source code using the NLD score while ignoring spaces and
blank lines.

RQ2: What are the accuracy scores of the OCR engines for

extracting code from screenshots?
To answer this research question, we applied each of the six OCR
engines to the 3,750 source code screenshots obtained from the
150 source code files imported from GitHub by applying all the 25
combinations of font size and type one by one and then considering
the aggregated results. We then compared the text that the OCR
engines extracted from these screenshots to the ground truth source
code using the NLD score, while ignoring spaces and blank lines.

RQ3: To what extent does the font type affect the code ex-
traction performance from screenshots?

To answer this question, we computed the average NLD accuracy
score for OCR engines when applied to screenshots with respect to
the different font types, while ignoring spaces and blank lines.

RQ4: To what extent does the font size affect the code ex-
traction performance from screenshots?

To answer this question, we computed the average NLD accuracy
score for OCR engines when applied to screenshots with respect to
the different font sizes, while ignoring spaces and blank lines.

RQ5: To what extent does the programming language have

an effect on the accuracy scores of the OCR engines?
To answer this research question, we computed the average NLD
score for each OCR engine applied to both screenshots and video
frames with respect to the three programming languages consid-
ered, while ignoring spaces and blank lines.

RQ6: What is the effect of the space and blank line trim-

ming step on the accuracy of the OCR engines on Python
code?
As noted in Section 3.2, spaces and blank lines may only have an
impact on Python code among the three programming languages
considered in our study. However, the impact of this aspect is un-
known. In this research question, we aim to quantify this impact
on the accuracy of the OCR engines by comparing their results on
Python code with or without applying the space and blank line
trimming step on the extracted text and ground truth.

RQ7: What is the time performance of OCR engines when
extracting source code from video frames and screenshots?
To answer this research question, we computed the running time
of each OCR engine during the extraction process using the system
call time. The system call time computes the real-time from start
to finish of the process. This is all elapsed time, including time
slices used by other processes. We performed the extraction for all
engines in the same conditions, using a machine with an Intel Core
17-7820HQ Quad-Core 2.90GHz processor and 32GB RAM with a
high-speed Internet connection (200 Mbps).
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4 RESULTS

This section presents the results for each of our research ques-
tions. The full results of our study are available in our replication
package!”.

4.1 OCR Engines and Video Frames

To answer this research question, we computed the overall accuracy
for each engine in terms of its NLD on extracting source code from
video frames. The results are shown in Figure 3. Google Drive API
and ABBYY FineReader had the best overall accuracy, 95%, and
93%, respectively. GOCR and Tesseract followed, with accuracies of
67% and 57%, respectively. Finally, OCRAD and Cuneiform scored
the lowest of all OCR engines, with accuracies of 26% and 20%,
respectively.

Surprisingly, our results show that the only OCR engine em-
ployed in previous work on the extraction of source code from
video frames [14, 25, 32], Tesseract, was only fourth in terms of
accuracy, and performed worse than Google Drive API, ABBYY
FineReader, and GOCR. This indicates that previous approaches may
benefit from adopting a more accurate OCR engine for this particular
task, such as Google Drive API or ABBYY FineReader.
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Figure 3: Boxplots of the OCR engines’ accuracies measured
using the Normalized Levenshtein Distance on video frames

4.2 OCR Engines and Screenshots

Figure 4 shows the overall accuracy of each OCR engine in extract-
ing source code from screenshots. ABBYY FineReader and Google
Drive API outperformed the four other OCR engines, scoring an
overall accuracy of 96% and 94%, respectively. Additionally, GOCR
and Tesseract had an accuracy of 78% and 60%, respectively. At long
last, OCRAD and Cuneiform obtained again the lowest scores, with
an accuracy of 32% and 18%, respectively.

We notice that overall the accuracies of all OCR engines are
higher for screenshots than for video frames. This is to be expected
given that in general the screenshots were of higher quality com-
pared to video frames, which varied in quality. However, we observe
that the trend in accuracies remains the same among the six OCR
engines, with Google Drive API and ABBYY FineReader again scor-
ing the best, while Tesseract remains fourth. This offers additional
support for the idea that Tesseract is not the best OCR engine choice

7https://zenodo.org/record/3743394
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for extracting source code from images, but rather Google Drive API
and ABBYY FineReader would represent much better choices, since
they achieve almost perfect accuracies on both video frames and
screenshots.
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Figure 4: Boxplots of the OCR engines’ accuracies measured
using the Normalized Levenshtein Distance on screenshots

4.3 OCR Engines and Font Types

Figure 5 shows the accuracy of applying OCR engines on screen-
shots that contain source code written using different font types.
The font DejaVu Sans Mono performed the best among all fonts
for four out of the six engines. The exceptions were Google Drive
API and ABBYY FineReader, where the font Consolas was the best.
Across all engines, DejaVu Sans Mono achieved the highest aver-
age accuracy of 71%, followed by Consolas with 67%. The average
accuracy across all OCR engines of Arial, Courier New, and Times
New Roman were 63%, 60%, and 54%, respectively.

Notably, ABBYY FineReader and Google Drive obtained an accu-
racy of over 90% for all fonts. GOCR scored its best accuracy for
DejaVu Sans Mono and its worst accuracy for Times New Roman.
Times New Roman also had the worst accuracy among all fonts for
Tesseract, with 20% less than the average of the other five fonts.
OCRAD scored less than 50% accuracy for all fonts; however, it
showed better results for DejaVu Sans Mono, with 11% higher ac-
curacy than the average of all fonts. Finally, Cuneiform scored the
worst among all OCR engines, performing particularly poorly with
the font Courier New, which achieved an accuracy 11% lower than
the average of all fonts for this engine.

Overall, we observe that for four out of the six engines, the choice
of font type has an impact on their accuracy, with differences of
at least 20% between their worst and their best performing fonts.
In some cases the differences between fonts are very noticeable,
such as Cuneiform with Courier New and Arial, where the accuracy
triples between the two fonts. However, for the best performing
engines ABBYY FineReader and Google Drive, the choice of font
is not as important, as they perform almost perfectly for all fonts.
Therefore, the choice of OCR engine seems to be more important than
the choice of font type.

4.4 OCR Engines and Font Sizes

Figure 6 shows the accuracy of applying OCR engines on screen-
shots that contain source code written using different font sizes.
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Unsurprisingly, the results show that the accuracy increases with
the increase in font size for all engines. The differences are substan-
tial for the four least-performing engines, showing that size has
a noticeable impact on these engines. The accuracy of GOCR was
impacted by an average of 5.4% by increasing the size. Additionally,
the average increases in the accuracy of Tesseract, OCRAD, and
Cuneiform were 8.6%, 8.8%, and 7.3%, respectively. On the other
hand, Google Drive and ABBYY FineReader were barely impacted
by the change in size, as both of them scored more than 90% accu-
racy for all font sizes. This again supports the idea that the choice
of OCR engine is the most important, more important than the font
size. Choosing a highly accurate OCR engine such as Google Drive
and ABBYY FineReader seems to mitigate also this factor.
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Figure 5: Accuracy of OCR engines for different font types
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Figure 6: Accuracy of OCR engines for different font sizes

4.5 Programming Languages

Figure 7a shows the accuracy of the extracted code using the six
OCR engines on video frames that contain code written in the three
programming languages: Java, Python, and C#. The OCR engines
scored the highest accuracy on Java source code, followed by C#
and Python, with an overall accuracy across all OCR engines of
62% for Java and 56% for C# and Python. Google Drive obtained
comparable results for all programming languages with a slight
improvement for Python and Java (93% for Python and Java, and
92% for C#). ABBYY FineReader obtained its best accuracy for C#,
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followed by Java, then Python with an average accuracy of 92%,
89%, and 84%, respectively. GOCR had similar results for C# and
Java (65% and 64%, respectively) and a worse result for Python with
an average accuracy of 58%. Tesseract obtained its best accuracy
for Python, followed by Java, then C# with an average accuracy of
64%, 59%, and 48%, respectively. OCRAD obtained its best accuracy
for Java, followed by C#, then Python with an average accuracy of
36%, 23%, and 18%, respectively. Finally, Cuneiform obtained its best
accuracy for Java, followed by Python, then C# with an average
accuracy of 28%, 19%, and 14%, respectively.
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Figure 7: The accuracy of OCR engines for the different pro-
gramming languages on (a) video frames and (b) screenshots

Figure 7b shows the accuracy of the extracted code using the
six OCR engines on the screenshots of code written in the three
programming languages. The OCR engines scored the highest accu-
racy overall on Java source code, followed by C#, then Python with
an overall accuracy of 74%, 59%, and 55%, respectively, across all
six engines. Overall, the accuracy on Java was the best for all OCR
engines. On the other hand, the accuracy on Python was the lowest
for all OCR engines except for Google Drive. Moreover, ABBYY
FineReader and Google Drive obtained comparable results for all
programming languages, with a slight preference for Java. On the
other hand, the gap between the accuracy on Java and Python for
the rest of the engines was substantial (e.g., 35% for Tesseract, 32%
for Cuneiform, and 27% for OCRAD).
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Overall, the results again support the idea that the right OCR
engine will perform well no matter the language in which the source
code is written. This is especially true for screenshots, where both
Google Drive and ABBYY FineReader achieved consistent accura-
cies of over 90% irrespective of the programming language. While
the accuracy of ABBYY FineReader decreases for Python in the case
of video frames, this could be partially explained by the variability
in quality when it comes to video frames compared to the stable
quality of the screenshots in our dataset.

4.6 OCR Engines without Trimming for
Python

Some programming languages, such as Python, use whitespace to
determine the grouping of statements. Therefore, we may need
to consider not trimming the whitespace for such programming
languages. Figure 8 shows the results of applying OCR engines on
Python code with and without removing the whitespace and blank
lines. The trimming step enhanced the accuracy of OCR engines
overall by 6.43% on average. The accuracy of ABBYY FineReader and
Google Drive increased by 14.04% and 13.06%, respectively when
using trimming. Additionally, the accuracy of Tesseract increased by
6.02%. Finally, the trimming step did not substantially affect OCRAD,
GOCR, and Cuneiform; their accuracy slightly increased by 2.64%,
2.37%, and 0.45%, respectively. Note that OCRAD and Cuneiform
worked the worst in extracting the source code regardless of the
trimming step.

Tesseract NN
ocrap NN
cock NN
Trimmed
carve I NN & Non-trimmed
Cuneiform -
aceyy N

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Figure 8: Comparing the accuracy of OCR engines on Python
with and without trimming

4.7 The Time Performance of OCR Engines

Table 2 shows the code extraction time of the six OCR engines we
used in this study. Roughly, it took less time to extract source code
from video frames than screenshots for all OCR engines except
Google Drive. Screenshots have higher quality (i.e., more pixels)
than video frames, which might slightly delay the processing and
increase the code extraction time. Google Drive is the only OCR
engine that extracts code in the cloud, which might cause the de-
lay we observed in its extraction time. ABBYY and Google Drive
performed the slowest for both video frames and screenshots. Note
that they both produced the most accurate results as shown previ-
ously, but that might involve expensive image processing which
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Table 2: The time performance results (in seconds of the six OCR engines in extracting source code from images

ABBYY Cuneiform Gdrive

GOCR OCRAD Tesseract

Total time (sec) 753 40 1807 14 4 467
Videos Images 300 300 300 300 300 300
Time/image 2.51 0.13 6.02 0.05 0.01 1.56
Total time (sec) 9528 957 21333 464 132 17262
Screenshots Images 3750 3750 3750 3750 3750 3750
Time/image 2.54 0.26 5.69 0.12 0.04 4.60

could explain the delay in the extraction process. It took less than
a second for Cuneiform, GOCR, and OCRAD to extract code from
each image. Although Cuneiform and OCRAD were the fastest,
they produced the least accurate results compared to other OCR
engines. GOCR, on the other hand, managed to produce reasonable
results in near real-time (e.g., less than 12 milliseconds per image).

5 RELATED WORK

5.1 Analyzing Programming Video Tutorials

Over the last few years, researchers have started analyzing video
programming tutorials with the goal of extracting, classifying, and
leveraging the information contained in them to support developers
in their daily tasks. We present an overview of these works below.

Parra et al. [21] proposed an approach to tag video tutorials in
order to make it easier for developers to identify relevant videos.
Poche et al. [22] analyzed and classified video comments based
on their relevance to the content of the video they correspond to.
Moslehi et al. [18] automated the process of linking source code files
to the videos that exemplify the features that the source code files
implement. Bao et al. [4] proposed VT-Revolution, a video tutorial
authoring system that records all actions taken by developers within
the video. Zhao et al. [33], on the other hand, automated the process
of detecting actions in existing video tutorials by applying computer
vision and deep learning algorithms.

Ott et al. [20] trained a convolutional neural network (CNN) to
recognize frames that contain code in programming video tutorials.
The authors also used a CNN to predict the programming language
(Java or Python) of code captured in images using only image
features, without having to extract the image contents [19]. In our
previous work [2], we proposed an approach to locate the editing
window of the source code within video frames, therefore enabling
noise removal before OCR is being applied. While our long-term
goal is similar to these previous works (i.e., correct extraction of
source code from video tutorials), the empirical study we present
in this paper focuses on identifying the best OCR engine for the
process of code extraction.

The most related works to our study are the few approaches
that have utilized OCR engines in order to extract the source code
appearing on the screen. Ponzanelli et al. [26] proposed an approach
that identifies various types of fragments in video tutorials based
on their contents and allows developers to search for individual
video fragments instead of full videos. One of the types of fragments
identified was "code implementation", in which the authors applied

OCR (Tesseract) on each frame to find and extract code. Yadid et al.

[32] also used Tesseract on programming video frames to extract

source code and proposed two main heuristics to post-process and
fix OCR errors. Khandwala et al. [14] extracted source code using
Tesseract and made it available to developers while watching the
video. In this study, we found that Tesseract did not produce a
high-quality source code transcription. We also found that Google
Drive and ABBYY FineReader performed far better and, as opposed
to Tesseract, were not impacted by factors such as font size, font
type, or programming language.

5.2 Empirical Evaluation of OCR Engines

Manually transcribing text from a large set of images is an over-
whelming and impractical task which requires intensive human
effort and time. OCR engines have therefore been very helpful in
this regard, as they are able to automatically extract text docu-
ments from images which are then easy to search and process. OCR
engines have been successfully applied in many different areas,
such as machine learning [5, 16], biomedical informatics [9], and
computer vision [12].

Empirical studies evaluating OCR engines have been performed
in different fields. Tafti et al. [31] performed experimental eval-
uations on the performance of Google Docs, Tesseract, ABBYY
FineReader,and Transym. The authors used a synthesis dataset that
includes various categories, such as license plates, barcodes, and
PDF files. We focus our work on a completely different category,
source code images taken from two sources: screenshots and screen-
casts. However, our results are similar in that we also found that
Google Drive and ABBY FineReader perform the best, even though
our accuracies are much higher than those in the study by Tafti et
al. [31].

Helinski et al. [13] compared the accuracy of Tesseract and AB-
BYY FineReader. The comparison was limited to Polish historical
printed documents, and both Tesseract and ABBYY were trained
on a historical documents dataset. Dhiman et al. [10] compared the
accuracy of Tesseract and GOCR using three different font types.
However, they limited the maximum number of characters in each
image to only 39.

6 THREATS TO VALIDITY

We faced two main threats to the internal validity of our results.
First, our study involved the manual annotation of the code bound-
ing box in each video frame. The bounding box must include all the
source code and exclude any information outside the code editing
box (e.g., the line number displayed on the left of each line). To
mitigate this threat, one author manually annotated each frame and
another author validated each annotation. Second, we manually
transcribed the ground-truth code, which had to contain no errors.
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To alleviate this threat, four annotators manually transcribed the
code, one author then validated and corrected the transcribed code,
followed by another author who re-validated each transcribed code
snippet.

Construct validity in our case regards the metric we used to eval-
uate the accuracy of the six OCR engines. We mitigate this threat
by employing well-known and widely used edit-based metrics pre-
viously employed in many research disciplines to measure OCR
accuracy [13, 31]. Note that since OCR engines make mistakes at
the character level, measuring the edit distance is a more reliable
assessment than token-based distance.

Concerning the threats to the external validity, the OCR eval-
uations we performed might be limited to certain programming
languages, font types, font sizes, and image resolutions. To mitigate
these threats, we assessed the performance of each OCR engine
when applied on three different programming languages, five font
types, five font sizes that range from 10 to 14, as well as on images
of various quality (e.g., screenshots had the highest quality, whereas
the quality of the video frames varies).

7 DISCUSSION

Extracting noise-free source code from programming screencasts
is a challenging problem which has been studied in several works
over the last few years. The main steps deal with detecting which
frames contain code [20], localizing the main code editing window
[1, 2], choosing and applying an OCR engine to the code editing
window, post-processing the extracted code to remove the noise
and correct the code [32], and merging different extracted code
segments to obtain the complete code [14]. Currently, the only
step that has not been investigated at all in previous work is the
choice of OCR engine and determining the best suited OCR engine
for code extraction. Choosing the best OCR engine can reduce the
effort and the errors involved in post-processing the extracted code,
therefore getting us closer to reusable code. Addressing this gap is
the main goal of the study we presented in this paper. We found
that choosing the right OCR engine is extremely important as it
can lead to a significant reduction in transcription errors.

One important factor in our study is the type of images we
collected and evaluated the six OCRs on. Current works that ex-
tracted source code from programming screencasts use YouTube to
collect the data [24, 25, 32]. Therefore, we evaluated the six OCR
engines on frames taken from programming screencasts hosted
on YouTube to help future researchers choose the best OCR that
can be applied to video frames. We found that Google Drive
and ABBY FineReader are the most accurate, as well as the
most robust OCR engines. We therefore highly recommend
researchers using OCR on video tutorials to choose one of
these two engines instead of Tesseract for the highest accu-
racy. We particularly recommend Google Drive if the pro-
gramming tutorials feature Python code.

We also explored the accuracy versus speed trade-off in the
choice of OCR engine. A high-speed OCR engine is more efficient
in extracting source code in real-time, which may be important for
time-sensitive operations, whereas a more accurate OCR engine is
desirable whenever the code extraction is done in a preliminary,
offline step. Most of the previous approaches that extracted and
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used the source code found in videos so far have had two phases.
The first phase is performed offline, and is where all the infor-
mation (including source code) is extracted from programming
screencasts and indexed or further processed. Then, during the
second phase, this information is displayed to the developers or
made available for searching. Therefore, based on the research per-
formed so far in this direction, speed is not as crucial as accuracy.
Therefore, in these applications, it makes again more sense for
researchers to choose the most accurate OCR engines, such
as Google Drive or ABBYY FineReader. For applications that
want to prioritize speed without significantly impacting the
accuracy, we recommend using GOCR.

We also investigated screenshots of code in order to establish if
font size or type have an influence over the quality of the automatic
transcription. This is important in order to offer recommendations
to video creators and to the best of our knowledge, this is the first
paper that aims to do so. We found that the best OCR engines
Google Drive and ABBY FineReader are able to extract the code
with high accuracy irrespective of which of the five fonts and five
sizes were chosen. While we studied these aspects on screenshots,
which have a higher resolution compared to video frames, Google
Drive and ABBY FineReader obtained very encouraging and robust
results also on video frames. Therefore, we are confident in
recommending to video creators any of the five fonts and
five sizes we studied, in order to ensure the best OCR code
extraction from their videos.
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9 CONCLUSIONS AND FUTURE WORK

In this paper, we performed an empirical evaluation of the accuracy
and the speed of six optical character recognition (OCR) engines
using two datasets collected from programming screencasts and
source code screenshots. Additionally, we showed the impact of
different factors such as font type and size on the quality of the
extracted code. Although Google Drive and ABBYY FineReader
performed the slowest compared to the other four OCR engines, we
found that they produced the most accurate results when applied to
programming screencasts and source code screenshots, and there-
fore, are well-suited for offline source code extraction. OCRAD and
Cuneiform were the fastest engines for code transcription, but at
the price of accuracy. Ultimately, we offer a set of guidelines for
video creators and/or future researchers on which OCR engine (i)
produces the best results, (ii) works in near real-time, and (iii) is
more tolerant to different font configurations.

In future work, we plan to investigate OCR engines with models
trained on our particular type of data. Also, we plan to experiment
with applying computer vision algorithms for image denoising and
smoothening on our input images to improve the quality of the
code extraction. We will also focus on analyzing OCR errors and
fixing them. This will provide a bigger picture on which OCR engine
should we use for extracting source code with pre-processing and
post-processing steps.
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